Abstract-DC-DC power converters such as buck converters are susceptible to degradation and failure due to operating under conditions of electrical stress and variable power sources in power conversion applications, such as electric vehicles and renewable energy. Some key components such as electrolytic capacitors degrade over time due to evaporation of the electrolyte. In this paper, a model-observer based scheme is proposed to monitor the states of Buck converters and to estimate their component parameters, such as capacitance and inductance. First, a diagnosis observer is proposed, and the generated residual vectors are applied for fault detection and isolation. Second, component condition parameters, such as capacitance and inductance are reconstructed using another novel observer with adaptive feedback law. Additionally, the observer structures and their theoretical performance are analyzed and proven. In contrast to existing reliability approaches applied in buck converters, the proposed scheme performs online-estimation for key parameters. Finally, buck converters in conventional dcdc step-down and photovoltaic applications are investigated to test and validate the effectiveness of the proposed scheme in both simulation and laboratory experiments. Results demonstrate the feasibility, performance, and superiority of the proposed component parameter estimation scheme.
I. INTRODUCTION
A S A key component in power systems, power converters have important functions, such as dc-dc conversion and dc-ac inversion to feed power into local loads or power grids. However, power converters are subject to degradation and ageing, which is exacerbated by running under uninterrupted operating regimes and unstable or unsteady power inputs in conventional power systems, typically in the applications areas of, for example, electric vehicles, wind energy conversion systems, photovoltaic (PV) systems and smart-grid systems [1] - [8] . Also, mismatches among different PV modules often occur, when modules in an array do not exhibit fully identical electrical properties, or they are exposed to arid environmental conditions, Fig. 1 . Failure and stress distributions in power electronic systems. [22] , [23] . such as strong irradiance, high levels of airborne dust particles, and high temperatures, often leading to a different maximum power point (MPP) for each module. Furthermore, if PV modules are installed in strings, the string systems will lower the string's output to the level of the lowest performing module, due to PV power system failures caused by power electronics performance degradation and other component failures [9] - [11] . Therefore, it is essential to monitor conditions of the PV module-level power converters. By estimating the degradation status in real-time or in advance, fatal failures can be avoided so that the system reliability level can be enhanced.
Currently, most reliability studies on power converters and power systems are focused on fault mechanism analysis, characteristic signal analysis, and qualitative fault mode identification because of limited measurable state signals [8] , [12] - [21] . The possible faulty components involved in power electronics are shown in Fig. 1 [22] , [23] . The left-hand pie chart in Fig. 1 shows that capacitors are the most vulnerable components. Also, semiconductor components such as MOSFETs and IGBTs exhibit a large proportion of failure distributions [24] . Based on these failure and fault types in power electronics, some diagnostic techniques focus on converter terminal quantities, such as output voltage frequency analysis and motor stator current time-domain response. The current vector trajectory in the Concordia frame [25] - [28] , has been adopted to identify faulty components, and detect and diagnose converter failures at system level [29] . However, because these approaches utilize offline signals or periodic duration signals, they are not real time, which generally depends on complicated artificial fault analysis. In addition, some real-time diagnostic techniques based on voltages or currents of power electronics devices were studied in [30] , [31] , but they are 0018-9529 © 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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only applicable to faults in switch components such as IGBTs and MOSFETs. [32] - [34] studied fault diagnosis (FD) of power inverters based on artificial intelligence and data-driven methods such as artificial neural networks (NN). These approaches are able to diagnose typical component faults based on measured voltage and current signals. However, they are only applicable for specified faults and device conditions. Also, because the NN needs to be trained first based on its sample data from the historical fault-free and faulty signal, the diagnosis efficiency closely depends on the diversity of sampled data signals.
Although most studies described above focus on fault mechanism analysis and qualitative diagnosis of power converters, few quantitative approaches are proposed to monitor the states of the power converter and its components in real time. To the best of our knowledge, few studies are contributed to estimate the capacitance and inductance online by a real-time condition parameter estimation (CPE) scheme. Conventionally, the components, such as capacitors and inductors can be offline measured and detected based on LCR metering devices. However, the LCR metering measurement is not executed in real time, limiting its applicability for online reliability monitoring and feedback control in real time. Also, it is a challenge to estimate C and L based on online signals because both the circuit dynamics and diversity of time-varying signals is complex. The online approach has been recently studied and proposed by some researchers due to its importance in areas such as capacitance estimation of dc-link capacitors for inverters and motor drive systems [35] - [37] . The basic idea is injecting ac-current and measuring the resonance response online. Actually, it still has drawbacks and limitations, because it also needs an additional function generation module to change the signal or power format of objective test circuits.
In order to address the challenge for online monitoring, a model-based fault detection approach was proposed in [38] and [39] , but the studied models do not correlate well with the transient behavior of power electronics. In [40] - [44] , a model observer for buck converters and inverters, which can detect and isolate components fault in real time was proposed. However, all the published quantitative works are not able to accomplish a high-level and real-time accurate CPE, which can indicate condition factors of components in power electronics.
Compared to studies mentioned earlier, the main contribution of this paper is to demonstrate monitoring and estimation of the condition parameters of power converters in real time. Residual vectors generated from the proposed model observer are applicable for fault detection and isolation (FDI). Additionally, the component condition parameters can be reconstructed based on the observer adaptive feedback law, which can estimate unknown states and parameters based on limited measurable states. Unlike former reliability approaches applied in power electronics, it can not only monitor the condition of power converters in real time, but also estimate the parameters of its components. This capability is useful for isolating the faulty components of power systems and improving the reliability and efficiency of PV systems with grid integration. This paper is organized as follows. In Section II, the mathematical model of a buck power converter and problem formulation are elaborated. Section III presents the model observers with an adaptive law for condition parameters estimation. Section IV shows the simulation results obtained for various fault components and fault scenarios when the proposed scheme works with the buck power converter. A conventional buck converter hardware setup and experimental results for inductance and capacitance estimation are presented in Section V. Validation for buck converters under PV MPP Tracking (MPPT) control is investigated in Section VI. Finally, a conclusion is provided in Section VII.
II. MODEL FRAMEWORK AND PROBLEM FORMULATION
Because of its representation and popularity in PV power systems, a single-phase dc-dc buck converter in Fig. 2 is considered to build the model and hardware in this paper, subsequently the CPE problem is formulated and defined.
A. Single-Phase Buck Converter With Resistor Load
Considering the single-phase dc-dc power converter in Fig. 2 , it is comprised of a semiconductor switch Q, an inductor L, a capacitor C, a diode D and a resistor load. The basic operation of the buck converter consists of controlling the inductor current by two switches (the transistor Q and the diode D). The conceptual model of the buck converter is best understood in terms of the relation between current and voltage of the inductor. Therefore, a power electronics converter can be thought of as a switched system, i.e., a continuous-time system with discrete (isolated) switching events, and (in general), its dynamics can be described by a linear-switched state-space model of the form.
The nominal (prefault) system state-space model of the buck converter can be denoted as
where L is the inductance of the inductor, C is the capacitance of the capacitor, and R is the load resistance. σ : [0, ∞) → {0, 1} is the binary switching signal governing the Switch Q. The description in (2) can be completed with
where
and the superscript m denotes measurement value, describing the measurements available to the controller. Also, (1) and (2) can be denoted as the standard format of state-space modelẋ = Ax + Bu, where
If a fault or parameter variation has occurred in the system, these factors will cause a change in the matrices of any or all subsystems in (1) and (2) . Without the loss of generality, faults in the inductor L and the output filter capacitor C are considered. The faults may cause the inductor or the capacitor to degrade slowly over time, which would result in a gradual decrease of inductance or capacitance (soft fault), or it may cause a sudden failure open or short (hard fault) [42] . Thus, the variation caused by faults can be denoted asÃ = A + ΔA andB = B + ΔB. Also, the condition parameters of the buck converter can be denoted as θ = [L C] . Consequently, the postfault system model can be described by
It can also described in the format of state-space model aṡ
B. CPE Problem Formulation
Considering (6), the CPE problem consists of designing a detection filter that takes u and y as inputs and generates a residual vector. With reference to a standard complete FD schedule, the FD scheme includes three steps/capabilities: fault detection, isolation, and estimation. For the proposed FD scheme in this paper, it also includes the following properties:
1) When there is no fault, the residual is identical to zero. 2) When a fault occurs, the residual is clear enough to differentiate between different faults from the capacitor, inductor, and switch. 3) If the soft faults of capacitors and inductors occur, the condition parameters θ = [L C] can be estimated for condition monitoring. The property 1) and 2) are related to fault detection and the property 3) is related to fault estimation.
III. FD AND CONDITION MONITORING USING
A MODEL OBSERVER
In this section, an FD and condition monitoring scheme comprised of a module of the FD observer and corresponding modules of parameter estimation observers is proposed. First, the fault is detected and isolated by the FD observer. Second, the corresponding parameter estimation observer module is triggered by the FDI result. The overall scheme process can be seen in Fig. 3 .
A. FD Observer
Following the notation of Section II, an FD observer for the system in Fig. 2 is given by
where σ(t), U i , y are the same as in (1), and the third term in the right side is the feedback of observer with gain K, which works to keep the observer states tracking the real states. Also, (7) can be represented aṡ
Although C = I 2×2 and the system of (1) has a full rank, the system is only theoretically observable when σ(t) = 1, otherwise it is not observable. In order to guarantee that the observability property is preserved, it is necessary to consider σ(t) as a regularly persistent input. Consequently, the error dynamics e = x −x can be defined aṡ
Regarding the FD observer design, there are two main steps.
One is the determination of the observer structure/format. The second step is determining the feedback gain K of the observer (8) , which is the most important parameter of the observer design and it can be solved by optimization and pole-placement. Based on the residuals e = x −x generated by the FD observer, fault detection and fault isolation can be implemented based on the time-domain property of the residual signal, which can be seen in our prior work [44] .
B. Inductance Estimation for the Inductor
If a fault in the inductor is detected and isolated by the FD observer, an inductance estimation observer is triggered to estimate the accurate value of inductance offset. Denoting the estimation errors asx =x − x andL =L − L , the observer is designed as follows:
Denoting the matrices errors as
We can also denote (10) aṡ
where Γ L and G in (10) are two matrix parameters to be defined for inductance estimation. The error dynamics are described bẏ
A further theorem on how to obtain Γ L and G above is given below. Theorem 1: With the observer gain K in Theorem 1 and a defined matrix Q (2×2) > 0, and positive parameter Γ L , if there exists two matrices P 2×2 and G 2×2 satisfying
Then, the observer given in (10) with the adaptive fault estimation law as follows:L
can lead to lim t→∞x (t) = 0 and lim t→∞L (t) = 0, where Γ L is a positive constant value. Remark 1: According to Theorem 1, G and P are derived from (12) and depend on the definition of Q and Γ L , and they can be solved and calculated by Linear Matrix Inequality solving tools. Γ L and Q can be arbitrarily chosen but it should satisfy the requirement that it is a positive constant matrix. Moreover, the selection of Γ L will affect the convergence speed of the observer estimation.
Proof:
For writing convenience and as long as there is no ambiguity, the time derivable t shall be omitted in the sequel. From (13) , one can obtaiṅ
LL where P is given in (14) and Γ
−1
L is given in (15) . Let V = V 1 + V 2 be a Lyapunov candidate function. One can obtaiṅ
So, from the derivation one obtains
where c 1 and c 2 are coefficients which depend on the set of P , K, and Γ L . Let us now derive the time derivative of V 2 . One obtainṡ
So, from the derivation, one can obtain
where c 3 and c 4 are coefficients which depend on the set of G and Θ. Hence, using (17) and (19), one obtainṡ
By setting appropriate c 1 , c 2 , c 3 , and c 4 , one derives thatV is negative semidefinite. From the Lyapunov candidate function V , one can obtain
consequently V is lower bounded. Synthesizing (21) and (22), based on Barbalat's lemma for stability analysis, it is concluded that the system (12) is an adaptive observer with exponential convergence. This ends the proof.
C. Capacitance Estimation for the Output Capacitor
If a fault for the capacitor is detected and isolated by the FD observer, a capacitance estimation observer is triggered to estimate the accurate value of a capacitance offset. As can be seen in (5), the capacitance variance only affects the matrix A and the lower equation of (5). For the sake of convenience, we can denote only the faulty subsystem aṡ
Also, it can be represented in a state-space format as follows:
RC , and b = 1 C . So, the observer is designed as follows:
where K 22 is the elements of the matrix K, denoting the coefficient errors as follows: 
Then, if the estimation error can be denoted as e C (t) = ΔC − ΔĈ, the error dynamics are described bẏ
A further theorem on how to obtain μ C above is given as follows. Theorem 2: With the observer gain K in Theorem 1 and a defined constant Q C > 0 , and positive parameter γ C , if there exist two constant P C and G C satisfying
Then, the observer given in (10) with the adaptive fault estimation law is stated as follows:
can lead to lim t→∞ e(t) = 0 and lim t→∞ e C (t) = 0, where τ C is a positive constant value.
Proof: Comparing (28) with (12), in (24) , y = x, so consequently C = 1. Again, because P C (a − K 22 ) is a 1 × 1 dimension matrix, so
Consequently, we can conclude that (12) can be seen as a singledimension case of (28), and Theorem 2 is a corollary of Theorem 1 and single-dimension case of Ordinary Differential Equation.
This ends the proof.
IV. SIMULATION RESULTS
In order to verify the feasibility and effectiveness of the proposed observers, we designed a dc-dc converter with parameters listed in Table I for verification, the dc-dc voltage step-down ratio depends on the pulse width modulation (PWM) duty ratio. The variable inductance fault and capacitance fault are, respectively, injected into the buck converter, and the inductance and capacitance estimation results are analyzed. In order to verify the tracking performance subjected to faults with different temporary signatures, we consider two types of fault: constant parameter drifting and time-varying parameter drifting. The capacitance estimations under constant parameter drifting and time-varying parameter drifting are shown in Fig. 4 , the inductance estimations are shown in Fig. 5 .
A. Capacitance Estimation
The constant parameter drifting of capacitance from C to 2C occurs at the instant 0.03 s. As can be seen in Fig. 4(a) , the observer estimation can track the parameter drifting at 0.03 s very quickly (less than 0.01 s) and matches the target value closely (less than 1%). The time-varying parameter drifting of capacitance begins at the instant 0.03 s. As can be seen in Fig. 4(b) , the observer estimation can track the parameter drifting at 0.03 s very quickly (less than 0.01 s) keep to the target value closely (less than 1%).
B. Inductance Estimation
The constant parameter drifting of inductance from L to 2L occurs at the instant 0.03 s. As can be seen in Fig. 5(a) , the observer estimation tracks the parameter drifting at 0.03 s quickly (less than 0.05 s) and keep to the target value closely (less than 1%).
The time-varying parameter drifting of inductance begins at the instant 0.03 s. As can be seen in Fig. 5(b) , the observer estimation can tracks the parameter drifting at 0.03 s quickly (less than 0.05 s) and keep to the target value (less than 8%).
Remark 2: Due to the inherent characteristics of the adaptive observer on feedback-based estimation, the time-varying tracking speed will be faster than constant drifting because one is continuous and the other is discontinuous. The convergence response time and difference will depend on the parameters of the proposed adaptive observer such as Γ L , and G as well as the initial setting value of estimation.
V. EXPERIMENTAL VALIDATION FOR CONVENTIONAL BUCK CONVERTERS

A. Experiment Setup
In order to validate the effectiveness of the proposed method, a buck converter experimental platform is setup for demonstration. In this platform, a conventional and inexpensive dcdc buck converter module (shown at the bottom right of Table. II. For test convenience, the inductor and capacitor in the original buck converter circuit are moved to a dedicated self-made circuit for test (shown in Fig. 7) , and an LEM (Liaisons Electroniques-Mécaniques) current sensor is embedded and additional power circuit is deployed in the circuit loop to acquire the inductor current. As can be seen in Fig. 7 , four node signals (input voltage, PWM modulated voltage, inductor current, output voltage) are observed and recorded by the NI Compact RIO measurement device and the oscilloscope. Fig. 8 displays a snapshot of the recorded node signals. As can be seen from the waveforms displayed in Fig. 8 , the converter operates at a frequency 301.397 kHz, which corresponds well with the rated switching frequency 300 kHz. Due to ON-OFF effects of the MOSFETs, the measured output voltage and inductor current comprise some disturbance and offset error but the output voltage is almost stable and is acceptable for applications.
TABLE II EXPERIMENTAL BUCK CONVERTER PARAMETERS
R [Ω] 16 V in [V] 24 L [H] 4.1 × 10 −5 V out [V] 5.3 C [F] 8.4 × 10
B. Inductance Estimation
A snapshot of the recorded signals for inductance estimation is shown in Fig. 9 . The three-node signals, including PWM modulated voltage, inductor current, and output voltage, are utilized for signal processing based on the model observer approach. In Fig. 9 , the output voltage signal consists of some ripples and transients. The error of output voltage is from the components: switch PWM modulation frequency and measurement noise. The fundamental cause is the ON-OFF switching process of MOSFETs in buck converters. Regarding dc-dc converter output voltage improval methods, there are two main approaches: one is using better switch components but probably it will be more expensive, the other is deploying additional filtering circuit to smooth the error. For comparison and validation, the inductor (with ferrite core) is taken from the setup circuit and tested separately by an LCR meter, which is shown in left side of Fig. 10 while the inductor is shown in the right side of Fig. 10 . As can be seen in Fig. 10 , The LCR meter indicates that the actual inductance is 41.36 uH, while the rated inductance printed at the top of the inductor is 27 uH (270 means 27 * 100 = 27 uH) . The difference between the actual value and rated value is normal because of fabrication factors; it is also the reason ac- curate inductance validation and estimation is usually needed in such cases.
According to the observer theory in Section III-B, the inductor current and output voltage are the state variables of the observer. The comparison between real states and observer estimated states is shown in Fig. 11 . As can be seen in Fig. 11 , the observer state estimations track well with its real states (less than 10%) at a fast convergence speed (less than 0.1 s), while the observer residuals are also bounded and stable, which means that the feedback adjustment and adaptive law of the observer works well. Regarding the difference of the current in Fig. 11 at the time instant around 0.05, that is because the observer has integrators inside and they can eliminate the sharp error due to measurement noise and switching actions. The inductance estimation results are shown in Fig. 12 . In order to test the robustness of the estimation performance, different estimation results subjected to three initial values (70, 60, and 50 uH) are shown together for comparison. As can be seen in Fig. 12 , the estimate converges into the actual value at a fast speed and the error due to measurement disturbance is bounded, which means the proposed observer still works well to estimate the real inductance in real experimental scenarios. Regarding the difference at the beginning of Fig. 12 , it depends on the initial value which be set as an estimation of inductance. For initial estimation, generally we can set the estimation as the rated inductance or some value within its tolerance range. But whatever initial value (within a considerable range) is set, the estimation should converge into the objective value and keep tracking.
Remark 3: It is difficult to reimplement the parameter drifting or degradation for components in hardware because generally component degradation is a slow process. In order to validate the effectiveness and robustness of the proposed CPE scheme under various scenarios, setting various initial values for the estimation is generally an acceptable alternative approach, similar to the parameter estimation demonstration which can be seen in battery SOC estimations [45] . For this reason, we set three different initial values for validation instead of changing the estimated component parameters, to match the simulation scenarios.
C. Capacitance Estimation
A snapshot of recorded signals for inductance estimation is shown in Fig. 13 . Because different capacitance at the stable stage of the buck converter operation has weak effects on node signal variations of the buck converter, the node signal waveforms acquired at the start stage will be better and feasible for engineering implementation. Hence, the node signal waveforms at the start stage are utilized for capacitance estimation. As can be seen in Fig. 13 , the output voltage and inductor current converge into a stable value because the capacitor is charged progressively.
For comparison and validation, the capacitor is taken from the setup circuit and tested separately by an LCR meter, which is shown in left side of Fig. 14 while the capacitor is shown in the right side of Fig. 14 . As can be in from Fig. 14 , the LCR meter indicates that the actual capacitance is 839.2 uF, while the rated capacitance printed at the skin of the capacitor is 1000 uF. As can be drawn from the literature about capacitor reliability, the difference between the actual value and rated value of capacitance is generally normal and caused by variable factors, such as manufacturing tolerances, fabrication, aging, and degradation.
According to the observer theory in Section III-C, the output voltage is the only state variable of the observer. Because the internal resistance of the real capacitor, the measured voltage is different from the capacitor voltage and a filtered and compensated output voltage is utilized for capacitance estimation. The comparison between real state, filtered value, and observer estimation is shown in Fig. 15 . As can be seen in Fig. 15 , the observer state estimation tracks well with the filtered value at a fast convergence speed which means that the feedback adjustment and adaptive law of the observer work well.
The capacitance estimation results are shown in Fig. 16 . In order to test the robustness of estimation performance, different estimation results subjected to three initial values (600, 700, and 800 uF) are shown together for comparison. As can be seen in Fig. 16 , the estimation converges into the actual value at a fast speed (less than 2 s) and the error (less than 5%) is bounded, which means the proposed observer still works well to estimate the real capacitance in real experimental scenarios.
VI. VALIDATION FOR BUCK CONVERTER UNDER PV MPPT CONTROL
Due to its penetration in MPPT applications, buck converters generally work as an MPPT power charger for batteries or solar panel optimizers. In order to validate the proposed scheme under MPPT control for buck converters and check its applicability for variable power inputs such as PV panels, we designed a typical solar panel dc-dc conversion topology to test the MPPT control and the proposed CPE scheme. The simulation scenario in Section IV is a typical and more complicated case in real-world dc-dc conversion applications and it make more sense to validate the effectiveness of the proposed method in PV applications. Fig. 17 depicts the topology of a buck converter under MPPT control. In Fig. 17 , due to the time-varying and insolation-sensitive characteristics of PV panels, the input capacitor C1 is normally important and necessary to regulate the PV panel output voltage, but not an essential component for general buck converters depicted in Fig. 2 . In this section, we can see the input capacitor C1 as an external component and only consider to monitor the capacitor C2.
The parameters for the PV panel, buck converter, and MPPT controller in the proposed topology are listed in Table III .
A. Simulation Results
Based on the parameters defined in Table III . The buck dcdc conversion variables under MPPT can be seen in Fig. 18 . Fig. 18(a) and (c) shows how the PV panel output voltage and current is controlled to track the value at the MPP point, the PV panel output starts from open-circuit voltage and keeps stable at the MPP voltage (17.2 V) while the PV panel current starts from zero current and keeps stable at the MPP current (4.95 A). Fig. 18(b) depicts the converter output voltage for load and Fig. 18(d) depicts the inductor current, both of the two variables have high-frequency ripples, making the CPE more challenging. From the two variables, we can see that the buck converter is effective, and output power is stable under MPPT control. Due to the inherent drawbacks of the P&O algorithm, the PV panel output voltage and current will keep oscillating in a small range, but it is acceptable for buck converter dc power output. In order to validate the applicability of the proposed scheme for different real-world PV dc-dc conversion scenarios, we utilize two typical scenarios: constant solar irradiance and time-varying solar irradiance. The time-varying solar irradiance is popular in PV applications due to the weather's influences such as cloud-hiding and sandstorm, so it makes more sense to validate the effectiveness of our proposed method in PV applications. Fig. 19 depicts the CPE results under MPPT with constant insolation. From Fig. 19(a) , we can see that the P&O MPPT algorithm works very quickly to track the MPP at 17.2 × 4.95 = 85 W. Fig. 19(b) shows that the duty ratio converges into a bounded boundary around 0.23-0.25, which means that the dc-dc conversion is precisely executed by the buck converter. The capacitance and inductance estimation results are shown in Fig. 19(c) and (d) . From the tracking results, we can see the proposed CPE scheme can track the real capacitance and inductance (tracking time is less than 0.01 s and the error is less than 1%), although the power input (PV panel output) for the buck converter is not constant. Fig. 20 depicts the CPE results under MPPT with timevarying insolation, which varies from 1000 to 800 at the instant 0.002 s. From Fig. 20(a) , we can see that the P&O MPPT algorithms work very fast to track two-stage MPPs at 85 and 65 W individually. Fig. 20(b) depicts that the duty ratio converges into two stable range due to the insolation variation. The capacitance and inductance estimation results are shown in Fig. 20(c) and (d) . From the tracking results, we can see the proposed CPE scheme can track the real capacitance and inductance (tracking time is less than 0.01 s and the error is less than 1%), although the buck converter output voltage is oscillating and the insolation is time varying.
B. Experiment Results
In order to validate the effectiveness of the proposed scheme under real-time control and real-world power analogue signal measurement, a real-time controller-based prototype MPPT buck converter system is built in a dSPACE/ControlDesk-based lab setup, which is shown in Figs. 21 and 22. As can be seen in Fig. 22 , both the MPPT buck conversion topology and condition estimation scheme are executed in the dSPACE real-time target system, the two physical units interact with real-world analogue acquired signals, which is connected by corresponding analogue signal cables and connectors. The interaction signals including output voltage, inductor current, and diode voltage are monitored by a scope, which is shown in Fig. 21 . The real-time CPE experiment results can be seen in Figs. 23-26 . Fig. 23 and its enlarged version Fig. 24 show that PV panel output voltage and current look stable but with some regular ripples due to the impact of the converter PWM switch ON-OFF. Fig. 25 depicts the diode voltage (in yellow), the capacitor voltage (in purple), and the inductor current (in green), the diode voltage shows that the PV panel output voltage is cutoff depending on the PWM switch ON-OFF, the inductor current display as a triangle waveform because it is the result of voltage integration. As can be seen in Figs. 23-25 , the waveform and dynamics match the corresponding signals of the real-world buck converter in Section V. The condition parameters are monitored in real time by the ControlDesk platform that runs on the host PC. As can be seen in Fig. 30 which is a screenshot from ControlDesk, the capacitance and inductance are estimated and monitored in real time with high accuracy (the tracking error is less than 5%). 
Remark 4:
The real-time experimental results show that the CPE scheme displays good performance characteristics such as real-time parameter tracking and high accuracy. Although at the very beginning, the difference is a little large because of initial value, the tracking speed is very fast and the estimation convergence time is very short. The estimation convergence performance depends on feedback gains in the proposed observers design. Compared with the full-time tracking result, the beginning difference can be ignored and the difference will be bounded within some range because of the feedback law's effect.
VII. CONCLUSION
This paper proposes a CPE scheme based on model observers for buck converters. Two novel observers in the CPE scheme are proposed and theoretically proved. With the FD observer, FDI for components can be achieved based on the residual signals. With the corresponding adaptive parameter estimation observers, an accurate estimation of parameter drifting can be addressed for condition monitoring and reliability analysis. Real-world buck converter experiments for conventional dc-dc conversion and PV MPPT control are set up to validate the effectiveness of the proposed model observer method. A further study of a general online monitoring approach on separate capacitors in any circuit topologies is on-going. Future work will consider more components, for example, IGBT and more types of converters commonly applied in PV systems, such as boost converters and other inverters.
